Representing data as networks cuts across all sub-disciplines in ecology and evolutionary biology. 
Besides providing a compact representation of the interconnections between agents, network analysis 23 allows the identification of especially important nodes, according to various metrics that often rely on 24 the calculation of the shortest paths connecting any two nodes. While the interpretation of a shortest 25 paths is straightforward in binary, unweighted networks, whenever weights are reported, the 26 calculation could yield unexpected results. We analyzed 129 studies of ecological networks published 27 in the last decade and making use of shortest paths, and discovered a methodological inaccuracy 28 related to the edge weights used to calculate shortest paths (and related centrality measures),
29
particularly in interaction networks. Specifically, 49% of the studies do not report sufficient information 30 on the calculation to allow their replication, and 61% of the studies on weighted networks may contain 31 errors in how shortest paths are calculated. Using toy models and empirical ecological data, we show 32 how to transform the data prior to calculation and illustrate the pitfalls that need to be avoided. We entire network. Stress centrality 17 , and Betweenness centrality 15 serve this purpose. The choice of a 63 centrality measure thus depends on the research question at hand, and on the characteristics of the 64 data being analyzed. Different centrality measures have been used to identify keystone species in Furthermore, most published studies do not report with sufficient detail the calculation of the node-to-node distance definition used in conjunction with the calculated centrality measures. 
127
two given nodes (among all the possible paths between these two nodes) passes through the shortest 128 path connecting them (i.e., the one with "lowest weight"). However, it should be emphasized that while 129 the concept of information flow is general, its immanence can differ dramatically from case to case, proportional to the information flow (e.g., resistance distance, dispersal time). However, when the weight is directly proportional to the information flow (e.g., interaction frequency, individual transfer, 145 dispersal probability, pathogen transmission, energy transfer across food webs), it is necessary to 146 transform the edge weight in order to calculate the shortest paths, and the centrality measures that 147 rely on them (Table 3 ). In particular, this is important when using user-friendly software packages that 148 automate the calculation of centrality measures (Table 2) .
150
There is a wide range of functions that can accomplish this transformation. 
163
commonly used centrality measures. In Figure 2 we summarize this decision process.
165
Binary or weighted?
166
The first methodological choice when computing shortest paths is whether to consider edge weights.
167
Binary data can be highly informative: for example, it has been used to identify species fundamental found to host the same parasite was built (see Supporting Information, Figure S2 ). Edge weights were 228 defined as the number of shared parasites between any two species. Therefore, edge weight is 229 directly proportional to the relationship strength between two species and, as in the previous example,
230
the quantity should be transformed before calculating the shortest paths. In Figure 6a we show the 231 lack of correlation between species rankings based on the centrality scores calculated on modified
232
and unmodified edge weights. For this example, we use the inverse of the edge weights, e.g., 1/a ij .
233
Interestingly, the BC scores calculated using the modified edge weights highlight only few species,
234
one of which has by far the highest BC score. Instead, if we directly use the unmodified values,
235
several more species have comparable BC scores. This is not surprising if we consider that, when 236 using the raw weights, shortest paths pass through weak connections, which are likely to be 237 numerous. Differences in ranks are substantial. For instance, among the top ten high-Betweenness 238 species identified using modified weights, only one is also among the high-Betweenness species
239
identified using raw weights (see Supporting Information, Table S1 ).
241
Likewise, the results from the Closeness-based rankings ( Figure 6b ) show that species rankings 242 based on CC also differ significantly between modified and unmodified edge weights. The CC scores 243 calculated on modified edge weights also support the importance of a handful of species (see
244
Supporting Information, Table S1 ). Unlike with BC, nine of the top 10 high-Closeness species are the 245 same ones when using the unmodified weights (also in Supporting Information) but the exact ranking 246 differs between the two cases.
248
Other modifying functions 
257
Again, we will use the simple toy matrix presented in Figure 3 , where we show a network connecting 
272
In Figure 3c we see that subtracting the edge weights from a theoretical maximum C (in the case of Figure 3d ), the three-step path will not be the shortest path anymore (3x (1- it is likely to work, cannot be used for all the edge weights. For example, it cannot be used for A real-world example of the effect of adding constants to the edge weights is provided in the
283
Supporting Information (Figures S3, S4 and S5 ).
285
Negative weights and loops
286
Another way to reverse the edge weights is to reverse the sign of the weights (i.e., using -a ij ).
287
However, as shortest path algorithms seek to minimize the value of a path, they would keep looping 
299
Independence of probabilities
300
We should note an important aspect to consider when calculating the lengths of paths in networks:
301
when edges represent probabilities, as for instance dispersal probabilities, we must question the
302
independence of the edges in order to calculate meaningful values for the overall probability of the 303 entire path. From a practical point of view, this means that when calculating the value of a path from depend on the path used to reach B. When edges represent independent probabilities, the probability 306 along a path containing multiple nodes is the product of the probabilities of all the paths linking the 307 nodes. Interestingly, in the case of independent probability edges, converting edge weight a ij into 308 distance using log(1/a ij ) nicely transform probability product along multiple nodes path into distances 
327
Network analysis has been developing quite independently in different branches of ecology. However,
328
dissemination between ecological disciplines and reproduction of published studies are being 329 hampered, at least partially, by the lack of transparency when describing the methodologies used.
330
Establishing a protocol for the analysis and reporting of calculations would ease these obstacles, and network (where species are typically considered closer if they interact with higher frequencies), one could purposely choose to calculate shortest path-centrality measures without transforming the 334 weights in order to study the effect of weak interactions across the network. For this reason, we urge 335 all the researchers applying graph theory to ecological data to pay special attention when reporting 336 their calculations, and, in particular, to provide a description of the network and edge weight they 337 used.
339
Here, we provide a checklist of crucial methodological information that should always be reported 
358
represent. 
5) Report the full version of the software or package used for the calculation of centrality.
BC (v )= ∑ i≠ v≠ j g ij ( v) g ij
All types 15
Stress, SC Measures the number of shortest paths g between any two nodes i, j, that pass through a focal node v.
All types 17
Closeness, CC Measures the average length of the shortest paths from a node v to all the other nodes in the network.
All types 15
Integral Index of calculations between weighted and landscape and interaction networks are probably due to the fact 555 that in interaction networks weighted edges typically require transformation (see Table 1 ), whereas in 556 landscape networks edge weights tend to be inversely proportional, requiring no transformation. 
